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Abstract: BACKGROUND Stroke survivors often suffer from mobility deficits. Current clinical evalu-
ation methods, including questionnaires and motor function tests, cannot provide an objective measure
of the patients’ mobility in daily life. Physical activity performance in daily-life can be assessed using
unobtrusive monitoring, for example with a single sensor module fixed on the trunk. Existing approaches
based on inertial sensors have limited performance, particularly in detecting transitions between different
activities and postures, due to the inherent inter-patient variability of kinematic patterns. To overcome
these limitations, one possibility is to use additional information from a barometric pressure (BP) sensor.
METHODS Our study aims at integrating BP and inertial sensor data into an activity classifier in order
to improve the activity (sitting, standing, walking, lying) recognition and the corresponding body eleva-
tion (during climbing stairs or when taking an elevator). Taking into account the trunk elevation changes
during postural transitions (sit-to-stand, stand-to-sit), we devised an event-driven activity classifier based
on fuzzy-logic. Data were acquired from 12 stroke patients with impaired mobility, using a trunk-worn
inertial and BP sensor. Events, including walking and lying periods and potential postural transitions,
were first extracted. These events were then fed into a double-stage hierarchical Fuzzy Inference System
(H-FIS). The first stage processed the events to infer activities and the second stage improved activity
recognition by applying behavioral constraints. Finally, the body elevation was estimated using a pattern-
enhancing algorithm applied on BP. The patients were videotaped for reference. The performance of the
algorithm was estimated using the Correct Classification Rate (CCR) and F-score. The BP-based clas-
sification approach was benchmarked against a previously-published fuzzy-logic classifier (FIS-IMU) and
a conventional epoch-based classifier (EPOCH). RESULTS The algorithm performance for posture/ac-
tivity detection, in terms of CCR was 90.4 %, with 3.3 % and 5.6 % improvements against FIS-IMU and
EPOCH, respectively. The proposed classifier essentially benefits from a better recognition of standing
activity (70.3 % versus 61.5 % [FIS-IMU] and 42.5 % [EPOCH]) with 98.2 % CCR for body elevation
estimation. CONCLUSION The monitoring and recognition of daily activities in mobility-impaired stoke
patients can be significantly improved using a trunk-fixed sensor that integrates BP, inertial sensors, and
an event-based activity classifier.
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Improving activity recognition of mobility-1 
impaired stroke patients using wearable 2 
barometric pressure sensor 3 
F. Massé, R. Gonzenbach, A. Arami, A. Paraschiv-Ionescu, A.R. Luft, K. Aminian 4 
Abstract 5 
Background 6 
Stroke survivors often suffer from mobility deficit. Current evaluation methods, including questionnaires 7 
and motor function tests, cannot provide an objective measure of the mobility capacity of patients in daily-8 
life. To quantify unobtrusively this capacity, a minimal sensor configuration, such as a trunk-worn wearable 9 
sensor, is required. Existing approaches suffer from performance limitations due to the inter-patient 10 
variability of kinematic patterns during activities of daily-living (ADL) and particularly at the transition 11 
period between different activities. These limitations hence call for an additional sensing technology: 12 
barometric pressure (BP), an estimate of absolute altitude. 13 
Methods 14 
Our study aims at integrating BP into an activity classifier as a way to improve the recognition of major 15 
ADL (Sit, Stand, Walk, Lie) and corresponding activity level (Level, Up, and Down) for Stand and Walk 16 
activities. Data were acquired from 12 stroke patients, suffering from mobility deficit, with a BP-augmented 17 
inertial wearable sensor placed on their trunk. To benefit from the changes of elevation during postural 18 
transition (sit-to-stand, stand-to-sit), an event-driven activity classifier based on Fuzzy-Logic was devised. 19 
The events include the detection of Walking and Lying periods and potential postural transitions. These 20 
events were then fed into a double-stage hierarchical Fuzzy Inference System. While the first stage 21 
processed the events to infer activities, the second stage improved the ADL recognition by applying bio-22 
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mechanical constraints. Finally, the activity level was further characterized using a decision tree and a 23 
pattern-enhancing sinus-fitting algorithm applied on BP. Patients were videotaped for reference and typical 24 
metrics such as F-score and correct classification rate (CCR) were computed for validation. This classifier 25 
was benchmarked against a previously-published Fuzzy-logic-based algorithm and a conventional epoch-26 
based data-driven classifier. 27 
Results 28 
For the recognition of ADL, the CCR was 90.6% for the devised algorithm, an improvement of +5.8% 29 
with respect to the epoch-based classifier. The proposed classifier essentially benefits from a better 30 
recognition of Sit activity (70.3% versus 42.5%). The activity level algorithm also achieved a high CCR 31 
(98.2%). 32 
Conclusion 33 
Combing BP with an event-driven activity classifier significantly improves the ADL recognition, and it is 34 
hence a powerful complement for unobtrusively monitoring activities in daily-life.   35 
 36 
Keywords— activity monitoring, inertial sensors, activity of daily-living barometric pressure, 37 
stroke, mobility impairments, hierarchical fuzzy inference system? 38 
I. INTRODUCTION 39 
Stroke impacts approximate 17 million people worldwide every year {feigin}. Post-stroke survivors are 40 
mostly affected by mobility disorders, such as hemiplegia, consecutives to lesion in the motor cortex 41 
following a stroke which require intensive physical rehabilitation. Current therapy adjustments are often 42 
based on clinical assessments including questionnaires such as the SF-36  or Stroke-specific QoL [1], or 43 
motor function test such as the BBS for balance assessment [2] or Timed Up and Go for gait and balance 44 
evaluation [3]. However, these tests are either subjective, in case of questionnaire, as they depend on the 45 
patient’s perception of the questions and their state-of-mind during the test and/or can only be performed in 46 
a hospital setting. Due to the mentioned limitations, these clinical tests may not reflect the actual motor 47 
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capacity of patient in daily-life, i.e., the patient’s ability to perform certain mobility-related tasks at home, 48 
despite its usefulness in adjusting the rehabilitation strategy.  49 
Monitoring major daily activities unobtrusively in home environment has been extensively investigated 50 
over the past few years along with the development and spread of wearable technologies. Daily activities 51 
were successfully monitored using a set of multiple sensors placed at key body locations [4], even for a 52 
post-stroke patient population [5],: trunk for detecting lying and walking periods, and later for 53 
characterizing postural transfers such as Sit-to-stand and Stand-to-sit (STS) transitions [6], a relevant 54 
outcome parameter for post-stroke recovery assessment [7] [8]; thigh for distinguishing sitting from 55 
standing posture; shank/foot for fine-grained gait evaluation. However, placing multiple sensors on the 56 
patient’s body may lead to discomfort and hence hinder patient’s ability and willingness to perform daily-57 
activities as usual during the monitoring period. 58 
For comfort, single sensor solutions were also used in some studies [9, 10] [11] for classifying basic 59 
activity of daily living. Although they are very accurate at recognizing dynamic activities (walking and 60 
running versus standing and sitting), they remains limited at classifying static postures (standing vs sitting), 61 
due to, for instance, a sensor placed on the thigh cannot distinguish sitting from lying posture. Furthermore, 62 
a trunk-located sensor can distinguish various major daily-life activities (lying, sitting, standing, and 63 
walking) but with restricted performance, due to the variability of movement pattern across activities and 64 
patients. This calls for an additional sensor modality such as barometric pressure (BP). BP provides an 65 
estimate of the sensor’s absolute altitude which can be particularly useful to distinguish activity transitions 66 
involving altitude changes such as postural transition. However the most-common approach [12] in activity 67 
monitoring splits the data into fixed-time epochs and apply machine learning techniques for classifying each 68 
epoch into activity. Unfortunately, this approach is not well-suited as it cannot leverage the knowledge 69 
provided by the BP at the transition point. 70 
Another approach, though less popular, consists in driving the activity recognition algorithm through 71 
events such as postural transitions, detection of walking or lying periods. Following this approach, Salarian 72 
et al. [13] incorporated postural transition-specific knowledge into a Fuzzy-Logic based activity recognition 73 
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algorithm as a way to improve the activity recognition. However this approach did not account for BP and 74 
did not include biomechanical constraints which may improve the activity recognition. Furthermore, 75 
evaluating patients’ mobility while climbing the stairs is also a very interesting outcome for post-stroke 76 
recovery [14] . [15] et al. proposed BP-based stair climbing detection algorithm but the results were only 77 
validated on healthy controls. 78 
In this paper, a trunk-worn wearable activity monitor using a new Fuzzy-Logic based activity classifier is 79 
presented. The classifier fuses information from inertial and BP sensors, accounts for population-specific 80 
biomechanical constraints, and provides level (up and down) information about standing and walking 81 
activities. 82 
 83 
II. METHODS 84 
This section first describes the data collection protocol carried out on a mobility-impaired stroke 85 
population. Then, the wearable measurement/monitoring system, the Hierarchical Fuzzy Inference System 86 
(H-FIS), and the different algorithm the H-FIS was benchmarked against are detailed. Furthermore, the 87 
validation procedure is specified.  88 
A. Data collection 89 
The data were collected at the Kliniken Valens rehabilitation center (Valens, Switzerland), on 12 90 
mobility-impaired stroke patients (7 Females and 5 Males / Age=59.6±13.6 y.o. / Height = 170.1±9.10 cm / 91 
Weight=73.9±14.1 kg) suffering from hemiplegia. Eight out of twelve patients were able to walk 92 
independently and four patients were walking with assistance such as a cane or a rollator. 93 
Each patient was equipped with a set of wearable sensors and performed daily-life activities as instructed 94 
by the physician, for approximately 30 min (33.4 ± 9.4 min) depending on patients’ fitness conditions. The 95 
target was to include a set of basic activities of daily-living: short and long walking episodes, walking up 96 
and down the stairs, taking the elevator, postural changes between lying, standing and sitting with and 97 
without arm movements. Various seats were included in the activity path: arm chair, bed side, sofa, armless 98 
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chair, and stool. The set of daily-life activities included: walking along a corridor, watching TV, washing 99 
hands, eating, pouring and drinking water and, sleeping, shoe lacing, reading the newspaper, and putting on 100 
and off the jacket. These activities were suggested in a naturalistic way [16], i.e., in such a way that 101 
flexibility was given on how to perform the desired activities. For instance, the simple activity such as 102 
“watching TV” requires for the patient to walk towards the TV area, sit down on the sofa, use the remote 103 
control for turning on the TV and relax while watching TV. Furthermore, the number and the order of the 104 
instructed activities were not scripted in advance. During the trial, each patient was videotaped for 105 
validation. The study was approved by the ethical committee (St Gallen, Swiss Canton)  106 
B. Measurement system and validation reference 107 
During the data collection, the measurement system consisted of a small wearable sensor module 108 
(Physilog® 10D Silver, GaitUP, CH) placed on the patient at trunk (sternum) location. The device recorded 109 
to an on-board memory card the signals from an inertial sensor (3D accelerometer and 3D gyroscope) at 110 
200Hz, and from a BP sensor at 25 Hz. The precision of the BP sensor is 1.2 Pa (~10 cm) according to the 111 
manufacturer’s datasheet [17]. The signals from the accelerometer, the gyroscope and the BP sensors were 112 
first resampled at the same frequency of 40Hz to allow for faster processing. This frequency is still high 113 
enough to extract activity features [9, 18]. Moreover, the wearable sensors were aligned with the body 114 
segments by a calibration procedure based on two defined postures: lying down on a bed and standing 115 
upright against a wall. This procedure was necessary to ensure robustness against sensor misalignment 116 
across patients [19].  117 
C. Recognition of activities and activity levels 118 
Unlike epoch-based classifier, the event-based activity classifiers relied on events such as the detection of 119 
walking and lying periods and STS postural transitions. These events were then processed through a two-120 
stage H-FIS to classify the activities into major daily-life activities: Lie, Sit, Stand, and Walk. The Stand and 121 
Walk activities are further split according to their activity levels: (level) Stand, Elevator Down (Standing 122 
with a downwards elevation change), Elevator Up (Standing with a upwards elevation change), (level) 123 
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Walk, Walk Downstairs, Walk Upstairs. 124 
1st Stage : Event FIS
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Detect 
Walking
Detect 
Transitions  (PTr)
Classify 
Transitions 
(PType)
Fuzzy Inference System
2nd Stage : Biomechanical FIS
‐ Up
‐ Down
‐ None
‐ Walking
‐ Lying
‐ Standing
‐ Walking
Fuzzy Inference System
Activities
Wearable sensor
Accel Gyro Altitude
Level
Linguistic Biomechanical  
constraints
3rd Stage : Activity Level
Decision Tree
 125 
Figure 1 - Activity recognition algorithm: Architecture 126 
1) Event detection and characterization 127 
a) Lying and walking periods 128 
Lying periods were identified using the trunk angle (with respect to gravity) estimated from the vertical 129 
axis of the acceleration signal. If this angle drops below a certain threshold θLying=45° for more than a 130 
certain lapsed time ∆TLying_in=10 seconds, a lying period is detected until this angle goes above θLying for 131 
more than ∆TLying_out=10 seconds. 132 
Outside of those lying periods, walking periods were detected based on the algorithm devised by Salarian 133 
et al. [13]. This algorithm works as follows. First, the norm of the trunk acceleration is band-pass filtered 134 
from 1Hz to 5Hz using a 2nd-order Butterworth filter. Second, peaks from the filtered signal located above 135 
the threshold ∆âwalking and separated from at least the time threshold ∆Twalking_steps correspond to heel strikes 136 
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during walking . Third, consecutive heel strikes within the time threshold ∆Twalking_group are grouped together 137 
to form a walking period. 138 
b) STS Postural transitions 139 
The STS postural transition and characterization relied on an algorithm [20] that first extracted potential 140 
(or candidate) transitions from the wavelet-filtered trunk angular velocity in the sagittal plane. Then at the 141 
time of the transition, the algorithm modeled (sinus fitting) the (noisy) barometric pressure signal and 142 
extracted distinct features from the inertial sensors. A minimized set of these barometric and inertial 143 
features, described in Table 1 and Figure 2, were used to estimate two probabilities using logistic regression: 144 
1) the probability PTr of a candidate transition to be an actual transition (0=False transition / 1=Actual 145 
transition); and 2) the probability PType of a candidate transition to be either a Sit-to-Stand or a Stand-to-Sit 146 
transition (0=StSi / 1=SiSt). Further information related to the transition modeling was available in the next 147 
section about the recognition of activity level. 148 
2) Hierarchical fuzzy-based activity classifier 149 
A fuzzy inference system is generally defined by a set of membership functions to transfer its inputs into 150 
fuzzy (linguistic) variables, a set of “If-Then” rules to fuse the fuzzy variables, an aggregation operator, and 151 
finally a defuzzification method. The Hierarchical FIS (H-FIS) was initially designed for the control of 152 
complex system [21] and consisted in a cascade of several FIS for which the most influential system 153 
variables are used by the first level, the next most influential variables at the second level and so on. This 154 
cascade of FIS was meant to in order to reduce the number of rules in the system. 155 
The presented H-FIS was composed of only two stages, as described in Figure 1. While the first stage 156 
(Event FIS) was in charge of translating the events into activities, the second stage (Biomechanical FIS) was 157 
designed to apply linguistic biomechanical constraints for improving the recognition of activities as inferred 158 
in the first stage. They were both implemented as Mamdami FIS. 159 
a) Event FIS 160 
The following inputs were used in the Event FIS: PrevAct, the previous activity; CurrAct, the current 161 
activity; TransitionDetection, the postural transition detection probability (PTr); TransitionType, the postural 162 
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transition classification probability (PType); and AltitudeChange, the altitude difference during the transition 163 
computed by averaging 20 seconds of the altitude data, derived from the barometric pressure: from 10 164 
seconds before the transition up to 10 seconds after the transition. Only one output was defined in 165 
accordance with the activity inferred after the first stage. 166 
The membership functions are described in Figure 2. This set of membership functions enabled describing 167 
the different states the fuzzy variables were in. Five membership functions were defined for the fuzzy 168 
variables PrevAct and CurrAct depending upon the considered activities: Lie, Sit, Stand, Walking and 169 
Unknown. Another membership function was defined as “SitOrStand” for the second stage. Two 170 
membership functions were defined, similarly as in [13], for both TransitionDetection and TransitionType 171 
corresponding to the different probability levels PTr and PType. The four membership functions defined for 172 
the input AltitudeChange were designed as trapezoidal with slopes accounting for the precision of the 173 
barometric pressure sensor. 174 
The rules are presented in Table 1Table 1. As an example, the 5th rule from Table 3 should be read as: “If 175 
the PrevAct is Sit AND CurrAct is Unknown AND TransitionDetection is Transition AND TransitionType 176 
is SiSt THEN EventActivity is Stand”. Furthermore, rules for the Lying-to-sitting and Lying-to-standing 177 
were added as the logistic regression-based transition models did not account for these transition types. 178 
The aggregation was done by computing the minimum value across the fuzzy variables as defined by the 179 
rules. The defuzzification was done by computing the centroid of the fuzzy output. The CurrAct was 180 
initialized as Lie/Walk if a Lying/Walking period was detected or as Unknown otherwise. 181 
Table 1 - Fuzzy rules for the Event FIS 182 
PrevAct CurrAct TransitionDetection TransitionType AltitudeChange EventActivity 
 Lie    Lie 
 Walk    Walk 
Lie Unknown   Very Positive Stand 
Lie Unknown   Not Very Positive Sit 
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Sit Unknown Transition SiSt  Stand 
Sit Unknown Transition StSi  Sit 
Sit Unknown No Transition   Sit 
Stand Unknown Transition StSi  Sit 
Stand Unknown Transition SiSt  Stand 
Stand Unknown No Transition   Stand 
 183 
b) Biomechanical FIS 184 
The second stage consisted in applying biomechanical-inspired constraints to the output of the first stage 185 
in order to improve the overall classification performance. The following biomechanical constraints were 186 
considered while building the FIS rules set: 187 
 It is likely that the activity detected in the previous stage is the true activity 188 
 It is unlikely that a person stands still for more than ∆Tstanding seconds without moving, i.e., no 189 
potential transitions and no walking/lying periods. 190 
 It is unlikely that a person sits/stands for a long time and walks for a very short time and then sit 191 
back down for a relatively long time without moving.  192 
 It is unlikely that a person walk for a very short time after lying, especially if there is no change 193 
of altitude. 194 
 It is likely that if the activity detected at the previous is sitting or standing and there is a high 195 
change of altitude during the activity, the activity is standing (going up/down the elevator) 196 
These linguistic rules can then be applied to a set of fuzzy variables, as displayed in Table 2Table 2 and 197 
Figure 2. To address this set of linguistic rules, the following inputs were added. NextAct accounts for the 198 
next activity as computed by the previous stage and share the same membership functions as CurrAct. 199 
PrevDur, CurrDur, and NextDur corresponds the duration of the previous, current and next activity 200 
respectively. Four membership functions were also defined to account for different type of activities: 201 
VeryShort (0s to 7s) for spurious activities than may need to be filtered out; Short for slightly longer 202 
Wearable barometric pressure sensor to improve postural transition recognition of mobility-impaired stroke 
patients 
10
activities (0s to 30s); Long for activities such as walk/stand and VeryLong for resting activities. TrunkSTD 203 
correspond to the standard deviation of the norm of acceleration during the activity. It can help in 204 
discriminating standing from walking in case the walking algorithm could not find a heel strike. Three 205 
membership functions were associated with TrunkSTD: Low, Medium and High. Furthermore, AltitudeIQR, 206 
the inter-quartile range (IQR), was computed from the altitude signal during the activity. These fuzzy 207 
variables were essentially introduced to prevent Elevator (Stand) activities to be misclassified as Sit. 208 
For this stage the mean of maximum is used to aggregate the rule outputs. The output for this stage was 209 
then fed back to the first stage to re-classify the next activity based on the newly-classified current activity. 210 
 211 
Figure 2 - Description of the membership functions. For clarity, the "Activity" fuzzy variable is split in two graphs : "Activity -1" 212 
and "Activity -2". 213 
 214 
Table 2 - Fuzzy rules for the Biomechanical FIS 215 
PrevAc
t 
CurrAct NextAc
t 
PrevDur CurrDu
r 
NextDur TrunkST
D 
AltC AltIQ
R 
Wt Activit
y 
 Lie        0.5 Lie 
 Walk        0.5 Walk 
 Sit        0.5 Stand 
 Stand        0.5 Sit 
Sit  Sit NotShor
t 
V.Short NotShor
t 
   1 Stand 
Walk Sit Walk Short V.Short Short    1 Walk 
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Walk Stand Walk Short V.Short Short High   1 Walk 
Stand  Stand NotShor
t 
V.Short NotShor
t 
   1 Sit 
Sit Walk   V.Short   Neutral  1 Sit 
Lie Walk   V.Short   Negativ
e 
 1 Lie 
 SitOrStan
d 
      High 1 Stand 
 Stand    V.Long    0.7
5 
Sit 
 216 
3) Activity level classification and altitude fitting 217 
An activity (e.g. Stand) may combined a subset of level (level standing) and non-level (e.g. Elevator Up) 218 
activities, a narrowing of the activity level is required. However, the patient’s slow dynamics during stair 219 
climbing combined with the low signal-to-noise ratio and the influences of external perturbations of the BP 220 
sensor render the recognition of these activities difficult and thus requiring pattern enhancing techniques 221 
such as sinus fitting. In a third stage, a short decision tree combined with a sinus fitting algorithm was built 222 
to detect the activity level: level walking, going upstairs/downstairs for Walking activity; and standing still, 223 
take the elevator up/down for the Standing activity.  224 
The decision tree separates the activities featuring both [CurrDur greater than ∆Tlevel=10 seconds AND 225 
AltitudeIQR greater than ∆Altlevel=60 cm] with the rest of the activities. The first class was considered as 226 
non-level activities and was characterized further using the sinus fitting function described below. The BP 227 
signal was first converted to altitude (Alt) using the barometric formula [22], then the pattern of transition 228 
was enhanced using a sinusoidal fitting model (SAlt) [22] as follows: 229 
 230 
஺ܵ௟௧ሺݐሻ ൌ ∆஺௟௧ ∗ ܧ ቀ ௧ି஺௟௧೏೐೗ೌ೤஺௟௧೏ೠೝೌ೟೔೚೙ቁ ൅ ܣ݈ݐௗ௥௜௙௧ ∗ ݐ ൅ ܣ݈ݐ௢௙௙௦௘௧	
ݓ݅ݐ݄	ܧሺݐሻ ቐ
െ1 2⁄ ݂݅	ݐ ൑ െ1 2⁄
1 2⁄ ∗ sinሺߨݐሻ , ݂݅ െ 1 2⁄ ൏ ݐ ൑ 1 2⁄ 		
൅ 1 2⁄ ݐ ൐ 1 2⁄
	        (1)  231 
 232 
The model was fitted using the “Trust-region reflective” optimization algorithm. The model parameters 233 
∆Alt, Altduration, and Altoffset were set in order to smooth the BP signal and parameters Altdrift, Altdelay were bounded to 234 
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account for the datasheet specifications of the BP sensor (MS5611-BA01, Measurement Specialties). 235 
D. Benchmarked algorithms 236 
1) Epoch-based algorithm 237 
Epoch-based algorithm (EPOCH) was inspired by a recent algorithm [15] which processes the data as 238 
follows. It first splits the data into Nepoch epochs of ∆Tepochs=5 seconds and then features from each epoch are 239 
extracted. The feature set consisted in 120 (frequency, amplitude and temporal) features derived from the 240 
inertial (gyroscope and accelerometer) sensors. To avoid over-fitting, the feature set is reduced using 241 
ReliefF algorithm [23] to K features to form the minimal feature set Ωepochs = {Nepoch x K features}. These 242 
features are then fed into a machine learning classifier (Classification tree) {Coppersmith}. Following the 243 
leave-one-patient-out cross-validation procedure described in the validation section, each epoch is finally 244 
classified as either Walk, Lie, Sit or Stand. 245 
2) Fuzzy-based algorithm 246 
The FIS described in Salarian et al. [13] was essentially designed to compensate for classification errors 247 
in the recognition of postural transitions. It uses a subset of the previously described fuzzy variables and 248 
membership functions. Although it uses the same events (walking/lying periods and STS transitions), the 249 
logistic regression used for computing the probabilities PTr inertial and PType inerital only relied on inertial sensors.  250 
E. Metrics for validation 251 
1) Comparison strategy 252 
The goal of comparing the activity recognition classifiers is to show the discrepancies between the 253 
different approaches: H-FIS versus State-of-the-art FIS as described by Salarian et al. versus epoch-based 254 
“tradition” data-driven modeling approach. However the goal of evaluating the activity level classifier 255 
consists in showing the value of using a sinus fitting function in an event-based activity recognition 256 
algorithm, the classifier comparison strategies hence differ. 257 
a) Activity 258 
Five classifiers, requiring different validation procedures, were assessed and compared for the activity 259 
recognition, as summarized in Table 3. The classifier #4 (S-FISinertial) did not account for altitude features in 260 
the computation of the probabilities PTr inertial and PType inertial. To fairly estimate the performance differences 261 
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between a single FIS classifier (Salarian et al.) and a H-FIS, the classified #2 (S-FISall) used the probabilities 262 
PTr and PType were used instead of PTr inertial and PType inertial, respectively, to remove the effect related to the 263 
classification improvements thanks to the use of altitude features in the computation of the probabilities. 264 
Furthermore, the output of the Event FIS was also computed separately from the H-FIS to estimate the 265 
performance improvement by the second stage. 266 
Table 3 - Classifier validation procedure for activity recognition: summary table 267 
# Classifier Acronym Sensors Validation 
1 Event+Biomechanical FIS H-FIS Inertial and barometric Full dataset 
2 FIS Salarian et al. S-FISall Inertial and barometric Full dataset 
3 Event FIS E-FIS Inertial and barometric Full dataset 
4 FIS Salarian et al. S-FISinertial Inertial Full dataset 
5 Epoc-based model EPOCH Inertial Cross-validation 
 268 
b) Activity Level 269 
The goal being to assess the value of the sinus fitting function for event-based activity recognition 270 
algorithm, three classifiers were evaluated:  271 
 H-FIS as described in the previous paragraph with the activity level recognition algorithm 272 
described in II.C.3), including the sinus fitting function.  273 
 the H-FIS excluding the sinus fitting function 274 
  The epoch-based reference algorithm [15] with a feature set augmented with altitude features 275 
such as the IQR, standard deviation, range of the altitude signal during the epoch.  276 
2) Validation procedure 277 
Each patient was videotaped during the trial with a camera synchronized with the wearable system. The 278 
video recordings were manually annotated to form Ωreference, the reference activity set.  279 
On one hand, the FIS-based activity classifiers were validated against the full dataset (no training/testing 280 
dataset split) as no parameter required to be learnt to build the FIS. On the other hand, the epochs-based 281 
classifiers were cross-validated using the procedure described below. 282 
The performance of the epochs-based algorithm was evaluated using a 10-fold cross-validation procedure 283 
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[24]. During this procedure, the minimized feature set Ωepochs was divided into N subsets (cross-validation 284 
folds) to be used for the training-testing procedure, N being 10. For each cross-validation fold, the feature 285 
sets from N-1 folds were included in the training set and the feature values from the remaining subset 286 
(different for each fold) were included in the testing set. 287 
3) Classifier comparison 288 
From the validation procedure described before, a confusion matrix is built for each classifier. Various 289 
metrics are extracted from these confusion matrices including: True Positive Rate (TPR also called Recall or 290 
Sensitivity – SEN –), True Negative Rate (TNR and also called Specificity – SPE –), Positive Predictive 291 
Value (PPV and also called Precision), Positive Predictive Value –, Negative Predictive Value (NPV), and 292 
the Correct Classification Rate (CCR). These metrics are thoroughly described in [25]. 293 
The classifiers were first compared globally by aggregating the confusion matrices together across all the 294 
patient sets. Secondly, and only for comparing the activity recognition algorithms, the algorithms were 295 
evaluated statistically using the non-parametric Friedman’s test with the assumption that each patient set is 296 
independent. 297 
  298 
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III. RESULTS 299 
The results are presented with two granularity levels for each of the five benchmarked approaches. First 300 
data from all the twelve patients were aggregated into a single dataset and overall metrics were computed. 301 
Second, each patient’s dataset was considered separately and significance statistics were computed. 302 
A. Overall performance 303 
1) Activity 304 
The confusion matrices are presented in Table 1 along with the evaluation metrics. The H-FIS approach 305 
outperformed the S-FISinertial by +3.5%,  the S-FISaltitude by +1.2% and the EPOCH by +5.8%. This is mostly 306 
due to an improvement of the F-score (from +2.5% up to +28.4%) for the Stand activity, consecutive to an 307 
improvement of NPV (from +3.5% up to +13.1%) while the sensitivity remains at approximately the same 308 
level. Furthermore, the effect of adding information such as the biomechanical constraints improves by 309 
9.7% the overall accuracy essentially provided my better distinction between sitting and standing posture 310 
from the H-FIS to the FIS approach.  311 
Table 4- Confusion matrices for the recognition of the activities along with the corresponding evaluation metrics. Each confusion 312 
matrix is expressed in seconds. SEN = Sensitivity, SPE = Specificity, PPV = Positive Predictive Value, NPV = Negative Predictive 313 
Value, CCR = Correct Classification Rate 314 
Classification             
  Lie Sit Stand Walk SEN SPE PPV NPV F-score CCR 
    #1 H-FIS : Event+Biomechanical FIS 
Re
fe
re
nc
e Lie 1023.7 35.4 2.8 12.2 95.3% 99.7% 94.3% 99.8% 94.8% 
90.6% Sit 40 11962.7 735.3 297.5 91.8% 95.6% 96.1% 90.7% 93.9% 
Stand 22.2 245.3 2045.4 249.5 79.8% 94.6% 63.7% 97.5% 70.9% 
Walk 0 203.8 425.6 6740 91.5% 96.6% 92.3% 96.2% 91.9% 
    #2 -FISall 
Re
fe
re
nc
e Lie 1022 21.1 17.1 13.8 95.2% 99.7% 94.5% 99.8% 94.8% 
89.4% Sit 37.3 11729.9 940.9 327.4 90.0% 95.4% 95.9% 88.9% 92.8% 
Stand 22.2 249.8 2060.6 229.8 80.4% 93.4% 59.2% 97.6% 68.2% 
Walk 0 230.1 461.7 6677.6 90.6% 96.6% 92.1% 95.9% 91.4% 
    #3 - E-FIS : Event FIS 
Re
fe
re
nc
e Lie 1022 33.4 4.8 13.8 95.2% 99.7% 94.5% 99.8% 94.8% 
81.9% Sit 37.3 9829.6 2841.2 327.4 75.4% 96.9% 96.7% 76.9% 84.7% 
Stand 22.2 139.3 2171.1 229.8 84.7% 84.3% 39.2% 97.9% 53.6% 
Walk 0 167.9 523.9 6677.6 90.6% 96.6% 92.1% 95.9% 91.4% 
    #4 - S-FISinertial 
er
e
nc
e 
Lie 1022 6.1 32.1 13.8 95.2% 99.7% 94.5% 99.8% 94.8% 87.1% 
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Sit 37.3 11231.1 1439.7 327.4 86.2% 95.4% 95.7% 85.3% 90.7% 
Stand 22.2 301.7 2008.7 229.8 78.4% 90.9% 50.6% 97.2% 61.5% 
Walk 0 201.9 489.9 6677.6 90.6% 96.6% 92.1% 95.9% 91.4% 
    #5 - EPOCH : Epoch-based  
Re
fe
re
nc
e Lie 892 120 28 24 83.8% 99.3% 84.5% 99.3% 84.2% 
84.8% Sit 124 11980 608 484 90.8% 83.1% 86.5% 88.3% 88.6% 
Stand 40 1264 908 348 35.5% 96.3% 53.0% 92.7% 42.5% 
Walk 0 484 168 6752 91.2% 94.9% 88.7% 96.1% 90.0% 
 315 
 316 
2) Activity level 317 
The activity confusion matrices and evaluation metrics are presented in the table 5 for comparison 318 
between the EPOCS and the H-FIS, both with and without using the altitude sinus fitting function. While the 319 
H-FIS performed better in terms of overall accuracy (98.2%), it was essentially due to a high F-score which 320 
reached 76.1% on average for the four activity levels. The average F-score was 64.6% for the H-FIS 321 
(without sinus-fitting) approach and only 53.8% for the EPOCH approach. 322 
Table 5 - Confusion matrices after the classification of the activity levels along with the corresponding evaluation metrics. Each 323 
confusion matrix is expressed in seconds 324 
Classification    
   No
ne
 
E
le
va
to
r 
 
U
p 
E
le
va
to
r 
 
D
ow
n 
St
ai
rs
  
D
ow
n 
St
ai
rs
  
U
p F-
Sc
or
e 
C
C
R
 
   #1 - H-FIS – with altitude sinus fitting 
Re
fe
re
nc
e 
None 23074.8 54.8 84.2 33.4 52.8 99.1% 
98.2% 
Elevator Up 24.1 141.5 0 0 0 78.2% 
Elevator Down 10.5 0 206.3 0 0 81.3% 
Stairs Down 111.7 0 0 166.3 0 69.6% 
Stairs Up 70.1 0 0 0 188 75.4% 
#2 - EPOCHS 
Re
fe
re
nc
e 
None 23176 36 24 32 32 98.8% 
97.4% 
Elevator Up 80 104 28 0 0 51.5% 
Elevator Down 36 52 80 0 0 53.3% 
Stairs Down 144 0 0 120 0 57.7% 
Stairs Up 168 0 0 0 112 52.8% 
    #3 - H-FIS – without altitude sinus fitting 
R
ef
er
e
nc
e None 22605.4 246.5 189.6 138.3 120.2 98.3%  
Elevator Down 2.8 162.8 0 0 0 54.6%  
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Elevator Down 0 21.8 195 0 0 64.8%  
Stairs Down 57.6 0 0 208.6 11.8 66.8%  
Stairs Up 37.7 0 0 0 220.4 72.2% 96.6% 
 325 
B. Statistical analysis 326 
In the overall performance section, the importance of improving F-score was highlighted. This is also 327 
emphasized in detailed results presented in the figure below which hence displays not only the CCR but also 328 
for the F-Score results. When analyzing the CCR statistics, although there is no significant difference 329 
between H-FIS and S-FISall (p=0.24), a significant difference (p<0.05) in terms of CCR exists between H-330 
FIS and the remaining models (E-FIS, S-FISinertial, and EPOCH). Furthermore, no significance can be drawn 331 
from S-FISall and S-FISinertial. No significant difference exists between the three last models (E-FIS, S-332 
FISinertial, EPOCH). However, for Sit, the F-Score of H-FIS approach is only significantly different with 333 
respect to the S-FISinertial and the EPOCH whereas the one from S-FISall is significantly difference only with 334 
the EPOCH’s F-Score. Similar significance can be observed when computing the F-Score  statistics about 335 
the Stand activities. For Lie and Walk, the F-score the epoch-based approach is significantly different with 336 
respect to the other approaches. 337 
 338 
 339 
Figure 3 - F-score (left) and CCR (right) computed for each approach. Bar height represents the mean and the error bar the 340 
standard deviation of the displayed metrics. ** = p<0.01 / * = p<0.5 / n.s. = p >0.5 341 
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IV. DISCUSSION 343 
This paper presents a new activity recognition algorithm able to not only recognize the major daily-life 344 
activities (Lie, Sit, Stand, Walk) but distinguish also the activity levels: up and down the elevator for 345 
standing and up and down the stairs for walking. The recognition of human activity was carried out by an 346 
event-driven double-stage hierarchical fuzzy-logic inference system. While the first stage processed the 347 
events such as the detection of a postural transition, a lying or walking periods, the second stage improved 348 
the activity recognition by provided a simple ways to input biomechanical constraints. Five approaches were 349 
benchmarked on a dataset containing daily-living activities from 12 different patients suffering from post-350 
stroke mobility disorders. The evaluation metrics included SEN, SPE, PPV, and F-score for all the activities 351 
and the overall performance accuracy. These metrics were also statistically evaluated using the non-352 
parametric Friedman’s test. 353 
The results presented in this study demonstrate that models featuring BP sensor provides a better 354 
recognition of human activities (CCR of H-FIS 90.6%, S-FISinertial 87.1%, and EPOCH 84.8%). This is 355 
essentially due to the fact that the event-driven architecture of H-FIS and the S-FISall enables to leverage 356 
the full potential of the barometric pressure at the activity transition time, i.e., during the potential altitude 357 
change. Furthermore, to the H-FIS approach results were statistically compared with others across patient-358 
specific dataset. A statistical significance (p<0.05) was always found between H-FIS approach and the 359 
inertial-based approaches highlighting a significant improvements in the recognition across all patients 360 
(Npatients=12). 361 
The dataset used in this study was composed of daily-activities performed at the clinic in naturalistic 362 
conditions. Ganea et al. highlighted the probable recognition performance lowering if those results were to 363 
be translated in “real” daily-life activity monitoring. This was mostly due to the fact that the performance in 364 
recognizing STS transitions was not high enough which is not the case in the present study thanks to the 365 
addition of BP. The pressure-based STS recognition is less prone to pathology related changes of trunk 366 
movement patterns.  367 
The video recording was used for the validation. Providing the slow dynamics of the trunk, the annotation 368 
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around an activity transition was difficult and this may have worsened the results. Furthermore, each period 369 
containing more than three consecutive steps were annotated as walking. However, the walking algorithm 370 
was initially developed for patients suffering from Parkinson’s disease with consequent mobility deficits, 371 
and the algorithm may thus considered a slow walking period as Stand (F-Score of 70% for H-FIS). These 372 
factors may have adverse effect on the obtained results. Another limitation, occuring during the slow motion 373 
period within walking, is the lack of sensitivity at recognizing level walking from stair climbing. It was 374 
essentially due to the fact that a patient climbing the stairs might stall for few seconds which would then end 375 
the current walking session and start a new standing session and followed by a walking episode. These 376 
periods may not reach the required amplitude threshold ∆Altlevel and hence not classified as non-level 377 
activities. A solution could be either to have different threshold according to the non-level activities or to 378 
augment the decision tree with features from the inertial sensors.  379 
Only the results from a descriptive machine learning algorithm was displayed (decision tree) as other 380 
epoch-based machine learning algorithms cannot also account for BP changes at the transition times. 381 
However, various machine learning algorithms were also tested using Weka [26] on the same feature-382 
reduced dataset using the same 10-fold cross-validation procedure. They all resulted in an overall CCR for 383 
ADL recognition smaller than 87.5% (Decision Table: 85.5% CCR / Naïve Bayesian: 82.8% / Random 384 
Forest, #Trees=10: 87.5% / K-Nearest-Neighbors, K=10: 87.4%) confirming the selection of the event-385 
driven algorithmic architecture. 386 
  387 
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V. CONCLUSION 388 
To incorporate barometric pressure as a modality for the recognition of major activities of daily-living, a 389 
novel activity classifier was devised. It is based on a hierarchical fuzzy inference system for ADL 390 
recognition the activity and combined with a decision tree to and a sinus-fitting algorithm to classify the 391 
activity levels. The algorithm was benchmarked against a Fuzzy-logic-based state-of-the-art algorithm and 392 
an epoch-based classifier relying on machine learning techniques. On one hand, with a correct classification 393 
rate of 90.6%, the approach taken in this study outperformed all the others for the classification of ADL, 394 
essentially stemming from an improvement of the recognition of the Stand activity. One the other hand, the 395 
classification of activity level reached 98.2% for the H-FIS classifier. The high CCR values in both cases 396 
confirms the importance of integrating BP as a modality into a classifier and that the H-FIS approach is 397 
suitable for monitoring stroke patients unobtrusively. 398 
Furthermore, splitting the activity classifier into three blocks, event processing, biomechanical 399 
constraints, and activity level recognition enabled a great modularity. Each of these blocks can be tuned 400 
according to the studied pathology. An extension of this work could not only to validate this approach on 401 
another patient population impaired by mobility restriction such as patient suffering from Parkinson’s 402 
disease or chronic pain. Furthermore, optimizing the FIS membership function parameters using a global 403 
optimization algorithm or fusing the epoch-based algorithm with the H-FIS could also improve the 404 
performance of the presented system. 405 
ACKNOWLEDGMENT 406 
This work was partially supported by the FP7 Project REWIRE, grant 287713 of the European Union. 407 
The authors would like to thank Susanne Müller from Kliniken Valens for her precious help during the data 408 
collection. 409 
 410 
[1] L. S. Williams, M. Weinberger, L. E. Harris, D. O. Clark, and J. Biller, "Development of a Stroke-Specific Quality of Life Scale," Stroke, 411 
vol. 30, pp. 1362-1369, July 1, 1999 1999. 412 
[2] L. Blum and N. Korner-Bitensky, "Usefulness of the Berg Balance Scale in Stroke Rehabilitation: A Systematic Review," Physical 413 
Therapy, vol. 88, pp. 559-566, May 2008 2008. 414 
[3] A. Salarian, F. B. Horak, C. Zampieri, P. Carlson-Kuhta, J. G. Nutt, and K. Aminian, "iTUG, a sensitive and reliable measure of 415 
mobility," IEEE Trans Neural Syst Rehabil Eng, vol. 18, pp. 303-10, Jun 2010. 416 
Wearable barometric pressure sensor to improve postural transition recognition of mobility-impaired stroke 
patients 
21
[4] A. Paraschiv-Ionescu, E. E. Buchser, B. Rutschmann, B. Najafi, and K. Aminian, "Ambulatory system for the quantitative and qualitative 417 
analysis of gait and posture in chronic pain patients treated with spinal cord stimulation," Gait Posture, vol. 20, pp. 113-25, Oct 2004. 418 
[5] F. Schasfoort, J. Busmann, W. Martens, and H. Stam, "Objective measurement of upper limb activity and mobility during everyday 419 
behavior using ambulatory accelerometry: The upper limb activity monitor," Behavior Research Methods, vol. 38, pp. 439-446, 2006. 420 
[6] R. Ganea, A. Paraschiv-Ionescu, C. Büla, S. Rochat, and K. Aminian, "Multi-parametric evaluation of sit-to-stand and stand-to-sit 421 
transitions in elderly people," Medical engineering & physics, vol. 33, pp. 1086-1093, 2011. 422 
[7] L. Ada and P. Westwood, "A kinematic analysis of recovery of the ability to stand up following stroke," Australian Journal of 423 
Physiotherapy, vol. 38, 1992. 424 
[8] W. G. M. Janssen, "The Sit-to-Stand Movement recovery after stroke and objective assessment," Doctorate Degree, Erasmus MC, 425 
University Medical Center Rotterdam, Rotterdam, 2008. 426 
[9] A. Salarian, H. Russmann, F. J. G. Vingerhoets, C. Dehollain, Y. Blanc, P. R. Burkhard, and K. Aminian, "Gait assessment in Parkinson's 427 
disease: toward an ambulatory system for long-term monitoring," Biomedical Engineering, IEEE Transactions on, vol. 51, pp. 1434-428 
1443, 2004. 429 
[10] R. Ganea, A. Paraschiv-Ionescu, and K. Aminian, "Detection and classification of postural transitions in real-world conditions," IEEE 430 
Trans Neural Syst Rehabil Eng, vol. PP, Jun 6 2012. 431 
[11] A. Godfrey, A. K. Bourke, G. M. Ólaighin, P. van de Ven, and J. Nelson, "Activity classification using a single chest mounted tri-axial 432 
accelerometer," Medical Engineering &amp; Physics, vol. 33, pp. 1127-1135, 2011. 433 
[12] C.-C. Yang and Y.-L. Hsu, "A review of accelerometry-based wearable motion detectors for physical activity monitoring," Sensors, vol. 434 
10, pp. 7772-7788, 2010. 435 
[13] A. Salarian, H. Russmann, F. J. G. Vingerhoets, P. R. Burkhard, and K. Aminian, "Ambulatory Monitoring of Physical Activities in 436 
Patients With Parkinson's Disease," Biomedical Engineering, IEEE Transactions on, vol. 54, pp. 2296-2299, 2007. 437 
[14] A. C. Novak and B. Brouwer, "Strength and aerobic requirements during stair ambulation in persons with chronic stroke and healthy 438 
adults," Arch Phys Med Rehabil, vol. 93, pp. 683-689, 2012. 439 
[15] A. Moncada-Torres, K. Leuenberger, R. Gonzenbach, A. Luft, and R. Gassert, "Activity classification based on inertial and barometric 440 
pressure sensors at different anatomical locations," Physiological Measurement, vol. 35, p. 1245, 2014. 441 
[16] L. Bao and S. Intille, "Activity Recognition from User-Annotated Acceleration Data Pervasive Computing." vol. 3001, A. Ferscha and F. 442 
Mattern, Eds., ed: Springer Berlin / Heidelberg, 2004, pp. 1-17. 443 
[17] GaitUP. Available: www.gaitup.ch 444 
[18] B. Najafi, K. Aminian, F. Loew, Y. Blanc, and P. A. Robert, "Measurement of stand-sit and sit-stand transitions using a miniature 445 
gyroscope and its application in fall risk evaluation in the elderly," Biomedical Engineering, IEEE Transactions on, vol. 49, pp. 843-851, 446 
2002. 447 
[19] J. Favre, B. Jolles, O. Siegrist, and K. Aminian, "Quaternion-based fusion of gyroscopes and accelerometers to improve 3D angle 448 
measurement," Electronics Letters, vol. 42, pp. 612-614, 2006. 449 
[20] F. Massé, R. Gonzenbach, A. Paraschiv-Ionescu, A. R. Luft, and K. Aminian, "Detection of postural transitions using trunk-worn inertial 450 
and barometric pressure sensor: application to stroke patients," presented at the 3D Analysis of Human Movements, Lausanne, 451 
Switzerland, 2014. 452 
[21] G. Raju, J. Zhou, and R. A. Kisner, "Hierarchical fuzzy control," International journal of control, vol. 54, pp. 1201-1216, 1991. 453 
[22] M. N. Berberan-Santos, E. N. Bodunov, and L. Pogliani, "On the barometric formula," American Journal of Physics, vol. 65, pp. 404-454 
412, 1997. 455 
[23] M. Robnik-Sikonja and I. Kononenko, "Theoretical and empirical analysis of ReliefF and RReliefF," Machine learning, vol. 53, pp. 23-456 
69, Oct-Nov 2003. 457 
[24] B. Ripley, "Pattern recognition and neural networks, 1996," Cambridge Uni. Press, Cambridge. 458 
[25] V. Labatut and H. Cherifi, "Accuracy measures for the comparison of classifiers," presented at the The 5th International Conference on 459 
Information Technology, amman : , Amman, Jordanie 2012. 460 
[26] M. Hall, E. Frank, G. Holmes, B. Pfahringer, P. Reutemann, and I. H. Witten, "The WEKA data mining software: an update," ACM 461 
SIGKDD explorations newsletter, vol. 11, pp. 10-18, 2009. 462 
 463 
 464 
 465 
